This study presents an investigation of the prediction of impact resistance of steel-fiber-reinforced concrete and ordinary concrete specimens. In the experimental part of this study, parameters identifying impact resistance of various concrete mixtures were determined using an impact test machine, in accordance with ACI Committee 544. For this aim, concrete specimens containing three different aggregates (basalt, limestone and natural aggregate) were cured in water at 20
Introduction
Concrete structures can be subjected to impact loads, such as air blasts, falling weights and earthquakes loading, etc. [1, 2] , along with static loads. Since tensile strength of concrete is lower then its compressive strength, the control of crack propagation is more difficult. Fibers can be used to improve impact properties of concrete [1, 3] . Fiber is a good alternative, which can be used to improve impact resistance properties and control crack propagation in concrete [3] .
On the other hand, determination of impact resistance of concrete is a laborious task and estimation of parameters identifying this property, using strength properties may be a practical approach. In the literature, a number of studies concerning estimation of impact properties are available. Zhan et al. [1] investigated the relationship between several characteristics, including drop height, static flexural load-carrying capacity and input impact energy. They proposed two empirical formulas to estimate the maximum and residual deflection of a beam, based on the static flexural load-carrying capacity and the input impact energy.
Aghdamy et al. [4] presented a numerical study of the response of axially loaded concrete-filled steel tube columns (CFST) under lateral impact loading, using * corresponding author; e-mail: gozde.sezer@ege.edu.tr explicit non-linear finite element techniques. They revealed that findings can be employed in future to simplify assumptions on the CFST column behavior under impact loading and to develop appropriate design calculation methods for CFST columns under such loading conditions. Jiang and Chorzepa [5] present an effective analysis procedure, to perform a failure analysis of pre-stressed concrete members, subjected to lateral impact loads, using the finite element analysis program, LS-DYNA. Their study shows that the proposed method can be used to predict the response of axially loaded columns for accidentally applied lateral impact loads, resulting from a car or vessel crash.
In this study, several attempts were made to estimate impact properties of concrete mixtures, including blows to formation of initial crack and failure. The inputs for estimation of above mentioned properties were selected as compressive strength, splitting tensile strength and ultrasonic pulse velocity, since application of tests to obtain these parameters are more common and relatively easier, in comparison with impact resistance tests.
Experimental study
In preparation of specimens, CEM I 42.5 type Portland cement was used. C 3 S, C 2 S, C 3 A and C 4 AF contents of cement are 61.00, 8.82, 7.57 and 10.68%, respectively. Crushed limestone aggregate with the size of 0-5 mm was used as a fine aggregate. Three aggregates having different origins (limestone, basalt and natural aggregate) were used as coarse aggregate, with maximum sizes of 10, 15, 20 and 25 mm. Aggregates were recombined to a specified uniform grading during mixing [6] . The blend consisted of 55% of fine aggregate and 45% of coarse aggregate.
Hooked-end bundled steel fibers with l/d ratio of 65 and 1.0% volumetric ratio were used in production of fiber reinforced concrete mixtures. Water/cement ratio and cement dosage of concrete mixtures are 0.5 and 400 kg/m 3 , respectively. Slump values of concrete mixtures were kept constant at 100 ± 20 mm. 24 concrete mixtures (12 ordinary and 12 steel fiber reinforced concrete mixtures) were produced.
After 28 days of standard curing, compressive strength, splitting tensile strength and ultrasonic pulse velocity tests were performed on 150 × 150 × 150 mm 3 cube specimens. Additionally, impact resistances of concrete specimens were determined using impact test apparatus, described in ACI 544.3R-93. Cylinders with the size of 150 × 300 mm were prepared for impact resistance tests. After 28 days of curing, these specimens were cut and discs with sizes of 150 × 64 mm (diameter × thickness) were prepared. Impact resistance tests were performed on these discs. Number of blows to formation of initial crack and failure were determined. The obtained results are summarized in Tables I-III . In Tables I to III , AT, MAS, FV, CS, STS, UPV, BIC and BF stand for maximum aggregate size, fiber volume, compressive strength, splitting tensile strength, ultrasonic pulse velocity, blows to formation of initial crack and blows to failure, respectively. 
Computational tools for modeling the impact resistance
Experiments for determination of several properties of concrete may be a hard and laborious task, and prediction could be a better way to analyze their behavior. Computational tools, particularly, soft computing and linear/nonlinear regression methods are beneficial for modeling several properties of concrete, as was demonstrated in past studies [7, 8] . Initially, it was considered to classify the impact resistance of steel fiber reinforced/ordinary concrete using unsupervised clustering algorithms.
Unsupervised clustering algorithms for classification of impact resistance
Clustering is simply defined as grouping of data components in terms of similarity of the different aspects. Algorithmic approaches including hard k-means (HKM), fuzzy c-means (FCM) and self-organizing maps (SOM) can be used to group the data objects of similar properties. In these approaches, the intra-cluster distances are minimized and inter-cluster distances are maximized using iterative calculation procedures. In HKM algorithm, a set of n objects is classified into c clusters, and the number of clusters should be selected at the beginning of the iterative procedure. Each data object can belong to only one cluster. The objective function, denoting the sum of inter-cluster distances is minimized to find out a local minimum, and this minimum is generally quickly converged. It should be mentioned that, the selection of cluster center points may significantly influence the outcomes. On the other hand, FCM algorithm could be identified as an advanced k-means algorithm [9] . Contrary to HKM algorithm, FCM algorithm assigns a single data point as a member to more than one cluster, each data point has a degree of membership (or probability) of belonging to each cluster. The biggest membership value is used to determine to which cluster a data point "most probably" belongs to. Introduced by Kohonen [10] , SOM is a kind of neural network, and spatial locations of the neurons, based on statistical features of inputs, are used to constitute a topographic map of the inputs. As an unsupervised neural network, it is based on a "winner takes all" rule [11] . Using the topological neighborhood principle, output neurons compete with each other to be the winning neuron [12] . Details of the three algorithms can be found elsewhere [13, 14] .
Three methods, namely, HKM, FCM and SOM are employed to classify the characteristics of the data in hand. Nevertheless, the data including results of compressive strength, splitting tensile strength, ultrasonic pulse velocity, the number of blows leading to failure and formation of initial crack could not be clustered. These parameters belong to concretes of different types, and are completely different from each other. However, these methods were incapable of classifying strength or impact resistance of different types of concrete. The observed range of the experimentally obtained parameters for ordinary and steel fiber reinforced concretes are given in Table IV . Although these parameters can be used for classification of steel fiber reinforced and ordinary concrete, this made no sense. The target was to classify the different types of concrete or concrete produced using aggregates of different origin.
The classification results are given in Fig. 1 . Fig. 1 . Classification of reinforced and ordinary concrete using impact resistance data.
Prediction of impact resistance of concrete using radial basis functions
Introduced by Broomhead and Lowe [15] , radial basis function (RBF) is actually a sophisticated linear regression model. To solve a classification problem, this network measures similarity of input data to training set. RBF neurons store indicative values from the training dataset. RBFs therefore initially cluster the data and various locally tuned non-linear activation functions cover a region of the input lattice. A sample RBF is illustrated in Fig. 2 , which includes input and hidden layers, including same number of neurons, and an output layer [16] . Herein, in order to get rid of the dimension problems, transformation of the inputs is strictly needed. A radial basis function is utilized for this aim. Output layer serves as a linear regressor, and weights should be adjusted. A generalized RBF network can be formulated as:
In this equation, ϕ is the activation function, r is the scalar radius, c is the center. The Euclidean distance r j can be calculated using Eq. (2) [17] : In this formulation, y i and w ij are the output and weights, respectively. Later, the transfer (activation) function ϕ is used to recalculate the Euclidean distances, and the outputs are calculated using a weighted linear combination of ϕ(r j ).
In essence, RBF network is a sophisticated linear regression model. The weights are adjusted on a radial basis, and the network is supervised. This type of network provides a fast convergence and can be used for prediction and classification purposes [12] .
Results and discussion
The RBF network is established to estimate the parameters describing the impact resistance of steel fiber reinforced and ordinary concrete. The inputs of the network are selected from basic strength parameters, which can be easily obtained: the compressive strength, splitting tensile strength and ultrasonic pulse velocity. The outputs are number of blows to formation of initial crack and number of blows to failure. Analyses are individually carried out for steel fiber reinforced and ordinary concrete. The scatter plots of the verification data, which constitutes 33% of overall data, are given in Fig. 3 . After the analysis of the scatter plots in Fig. 3 , it is clear that RBF networks are capable of establishing input-output relationships to a reasonable degree. For ordinary and reinforced concrete specimens, coefficients of determination R 2 , demonstrating the accuracy of predictions of the number of blows to formation of initial crack, of RBF network, were determined as 0.92 and 0.88, respectively. These values, obtained for number of cracks to failure were 0.83 and 0.85, for ordinary and steel fiber reinforced concrete, respectively. These values are reasonable, since these parameters in our data set show a great variation and uncertainty (please see Table IV) , which makes their prediction a harder task.
Additionally, from the analysis of the scatter plots, it is evident that experimental results are somewhat higher than their predictions, and this ensures more conservative predictions in the number of blows. Moreover, the accuracy of predictions is verified using RMSE (root mean square errors) and AAR (absolute value of average residual) parameters, given in Table V . The root mean square error is a descriptor of the errors in predictions, amplifying large errors:
Additionally, AAR is another important parameter, showing the magnitude of the distances among predictions and experimentally obtained values:
Analysis of the RMSE and AAR values, given in Table V, shows that the errors are relatively insignificant, compared with the data in hand. Mathematically speaking, errors among estimations and real values range between 0.1 and 3%. It should be emphasized that, use of larger datasets may provide better approximations.
Conclusions
In this study, parameters identifying the impact resistance of concrete were modeled by radial basis functions. The following conclusions can be drawn from this study:
1. HKM, FCM, and SOM methods were used to question whether a relationship exists between compressive strength, splitting tensile strength, impact resistance, concrete class and origin of aggregates, used in production of concrete specimens. The results made no sense since these algorithms can make only the distinction between the strength of steel fiber reinforced concrete and ordinary concrete specimens.
2. Radial basis function was successful in estimation of impact resistance of the concrete specimens, using the results of compressive strength, indirect tensile strength and ultrasonic pulse velocity tests.
3. The results have also revealed that RBF underestimates the number of blows to formation of initial crack and failure and since experienced values are higher, it is evident that outcomes of RBF model are safe to use in practice.
